The ability to detect preclinical Alzheimer's disease is of great importance, as this stage of the Alzheimer's continuum is believed to provide a key window for intervention and prevention. As Alzheimer's disease is characterized by multiple pathological changes, a biomarker panel reflecting co-occurring pathology will likely be most useful for early detection. Towards this end, 175 late middleaged participants (mean age 55.9 AE 5.7 years at first cognitive assessment, 70% female) were recruited from two longitudinally followed cohorts to undergo magnetic resonance imaging and lumbar puncture. Cluster analysis was used to group individuals based on biomarkers of amyloid pathology (cerebrospinal fluid amyloid-b 42 /amyloid-b 40 assay levels), magnetic resonance imagingderived measures of neurodegeneration/atrophy (cerebrospinal fluid-to-brain volume ratio, and hippocampal volume), neurofibrillary tangles (cerebrospinal fluid phosphorylated tau 181 assay levels), and a brain-based marker of vascular risk (total white matter hyperintensity lesion volume). Four biomarker clusters emerged consistent with preclinical features of (i) Alzheimer's disease; (ii) mixed Alzheimer's disease and vascular aetiology; (iii) suspected non-Alzheimer's disease aetiology; and (iv) healthy ageing. Cognitive decline was then analysed between clusters using longitudinal assessments of episodic memory, semantic memory, executive function, and global cognitive function with linear mixed effects modelling. Cluster 1 exhibited a higher intercept and greater rates of decline on tests of episodic memory. Cluster 2 had a lower intercept on a test of semantic memory and both Cluster 2 and Cluster 3 had steeper rates of decline on a test of global cognition. Additional analyses on Cluster 3, which had the smallest hippocampal volume, suggest that its biomarker profile is more likely due to hippocampal vulnerability and not to detectable specific volume loss exceeding the rate of normal ageing. Our results demonstrate that pathology, as indicated by biomarkers, in a preclinical timeframe is related to patterns of longitudinal cognitive decline. Such biomarker patterns may be useful for identifying at-risk populations to recruit for clinical trials.
Introduction
Alzheimer's disease pathology begins decades before clinical symptoms emerge (Morris, 2005; Sperling et al., 2011; Jansen et al., 2015; Dubois et al., 2016) and cognitive impairment is a continuous process that begins several years before a diagnosis of mild cognitive impairment or dementia due to Alzheimer's disease (Howieson et al., 2008; Villemagne et al., 2013; Rajan et al., 2015) . This long preclinical stage provides a critical window for intervention with disease-modifying pharmaceutical or behavioural therapies. However, a reliable way of detecting preclinical Alzheimer's disease in late midlife has yet to be determined. Cohorts in this age range recruited by risk factors such as the apolipoprotein E (APOE) gene and parental family history may be enriched with people, yet unidentified, who have or will have preclinical Alzheimer's disease. As Alzheimer's disease is characterized by multiple but distinct pathological changes, biomarker panels that reflect diseasespecific and co-occurring pathology will likely be most useful for early detection. Although considerable research has been dedicated to identifying and validating neuroimaging, fluid, and other biomarkers for various stages of Alzheimer's disease, the individual and combined power of these biomarkers to detect preclinical Alzheimer's disease is, as of now, still not clearly established.
Cluster analysis is a potentially powerful statistical tool to apply to Alzheimer's disease biomarkers that can be detected during the preclinical stage. Cluster analysis can group individuals based on heterogeneity within a single biomarker, or an array of biomarkers; therefore, multiple co-occurring pathological features can simultaneously be captured in a single clustering, making it a particularly promising approach for detecting groups of individuals who may be on different trajectories relevant to Alzheimer's disease. Biomarker-based cluster analysis has been used in cognitively normal elderly subjects and patients with mild cognitive impairment or dementia due to Alzheimer's disease, but it has yet to be thoroughly investigated for use in identifying preclinical Alzheimer's disease in midlife (Iqbal et al., 2005; van der Vlies et al., 2009; Nettiksimmons et al., 2010 Nettiksimmons et al., , 2013 Nettiksimmons et al., , 2014 Wallin et al., 2010; Escudero et al., 2011; Pike et al., 2011; Vemuri et al., 2011; Skillback et al., 2013; Noh et al., 2014) . As noted by Jack et al. (2013) and others, there is a paucity of empirical data regarding the important preclinical timeframe. The primary goal of this study, therefore, was to use an integrated multidimensional approach to detect preclinical heterogeneity in a late middle-aged cohort. In addition to markers of amyloid pathology (amyloid-b 42 / amyloid-b 40 levels in CSF) and MRI-derived measures of neurodegeneration/atrophy (CSF-to-brain volume ratio and hippocampal volume), we additionally include a CSF marker of neurofibrillary tangles (phosphorylated tau 181 levels) and a MRI-based marker of cumulative vascular risk, total white matter hyperintensity lesion volume. Combining an unsupervised learning approach, multimodal biomarkers, and longitudinally measured cognitive data provides a unique opportunity to investigate preclinical conditions as they emerge from normal ageing. Our first hypothesis was that in addition to a healthy ageing group (biomarker negative), a preclinical Alzheimer's disease-like group would be identified based on an integrative biomarker profile (amyloidosis + neurofibrillary tangle pathology + neurodegeneration). Additionally, several studies have found a high prevalence of mixed dementia due to Alzheimer's disease and vascular dementia, with perhaps as many as half of persons clinically diagnosed with dementia due to Alzheimer's disease showing signs of vascular pathology at autopsy (Jellinger, 2007; Schneider et al., 2007) . Therefore, we further hypothesized that a group of participants would present with evidence suggestive of simultaneous Alzheimer's disease and vascular pathology (amyloidosis + neurodegeneration + white matter hyperintensities). Our second hypothesis was that these groups would show evidence of early cognitive decline consistent with their biomarker profiles, with greater decline observed in the Alzheimer's disease-like and mixed dementia-like clusters compared to the healthy ageing cluster.
Materials and methods

Participants
Participants were selected for this study on the basis of participation in one of two large observational and longitudinally followed cohorts at the University of Wisconsin-Madison: the Wisconsin Registry for Alzheimer's Prevention (WRAP) and the Wisconsin Alzheimer's Disease Research Center (WADRC), having available biomarkers from MRI and CSF, and being cognitively normal at baseline. Of the 181 participants initially selected by these criteria, six were excluded based on an incomplete MRI sequence (n = 1), incomplete CSF assays (n = 1), having an interval from the MRI to lumbar puncture greater than 1 year (n = 2, 374 and 780 days, interval range without these participants is À112 to 117 days), or white matter hyperintensity outlier status [n = 2, 45 standard deviations (SD) from mean] resulting in a sample of n = 175 (n = 92 WRAP, n = 83 WADRC).
Both WRAP and WADRC are designed to identify biological and lifestyle risk factors associated with development of subsequent clinical Alzheimer's disease in cohorts enriched for Alzheimer's disease risk factors due to parental family history of Alzheimer's disease (Sager et al., 2005; Jonaitis et al., 2013; Koscik et al., 2014) . The WRAP study consists of 1545 participants (mean age = 53.6 AE 6.6 years at first cognitive assessment), of which 72.4% have a parental family history of dementia due to Alzheimer's disease. Recruitment for the WADRC cohort is ongoing. For the 300 + WADRC participants currently being followed, mean age at enrolment was $57 years, and approximately two-thirds of the cohort have a parental family history of dementia due to Alzheimer's disease.
The University of Wisconsin Institutional Review Board approved all study procedures, each subject provided signed informed consent before participation, and all research was completed in accordance with the Declaration of Helsinki.
MRI collection and calculation of neuroimaging variables
All participants were scanned on a GE 3.0 T MR750 using an 8-channel head coil. T 1 -weighted, T 2 -weighted, and fluid-attenuated inversion recovery (FLAIR) anatomical scans were acquired as described previously Racine et al., 2014; Berman et al., 2015) . T 2 -weighted and FLAIR anatomical scans were reviewed by a neuroradiologist (H.A.R.) for exclusionary abnormalities. The T 1 -weighted volume was segmented into tissue classes (CSF, grey matter, and white matter) using the segmentation tool in SPM12 (www.fil.ion.ucl.ac.uk/spm). CSF-to-brain volume ratio was calculated as the tissue volume ratio of CSF/(grey matter + white matter). Hippocampal volume was calculated using FSL-FIRST, a model-based segmentation/registration tool (Patenaude et al., 2011) and corrected for intracranial volume calculated in SPM12. Total white matter hyperintensity lesion volume was measured using the SPM Lesion Segmentation Tool (Schmidt et al., 2012) .
CSF collection and quantification
CSF was collected as described previously (Almeida et al., 2015; Starks et al., 2015) . CSF collection and processing methods were identical across the WRAP and WADRC studies. Phosphorylated tau 181 was quantified with a sandwich ELISA [Phospho-Tau(181P), Fujirebio Europe]. For the amyloid-b 42 /amyloid-b 40 ratio, CSF levels of amyloid-b 42 and amyloid-b 40 (a less amyloidogenic amyloid-b fragment as compared to amyloid-b 42 ) were quantified by electrochemiluminescence using an amyloid-b triplex assay (MSD Human Ab peptide Ultra-Sensitive Kit, Meso Scale Discovery).
Cognitive data collection
Longitudinal cognitive data are collected for both the WRAP and WADRC studies. WRAP study participants undergo follow-up cognitive testing $4 years post their initial visit and every 2 years thereafter. WADRC participants undergo annual or biannual cognitive testing. At each session of testing, participants complete a comprehensive neuropsychological battery consisting of measures that span traditional cognitive domains of memory, attention, executive function, language, and visuospatial ability.
We selected tests that were consistent across both studies that assessed domains of episodic memory (total trials 1-5 and delayed recall from the Rey Auditory Verbal Learning Test; immediate and delayed recall from the Wechsler Memory Scale-Revised Logical Memory), semantic memory (Boston Naming Test, Animal Naming), aspects of executive function (Trail Making Test Part B; Wechsler Adult Intelligence Scale-Revised Digit Symbol), and global cognitive function (Mini-Mental State Examination, MMSE). Table 1 summarizes the longitudinal cognitive data for each test across the five sessions. Rey Auditory Verbal Learning Test, Boston Naming, and Trail Making Test Part B started at Session 1 for both WRAP and WADRC; Logical Memory, Digit Symbol, and MMSE started at Session 2 for WRAP and session 1 for WADRC; and Animal Naming started at Session 3 for WRAP and Session 1 for WADRC. Therefore, for analyses and in Table 1 for WRAP participants only, neuropsychological testing 2 and 3 are called neuropsychological testing 1 for tests initiated at Sessions 2 and 3, respectively. WADRC participants received only story A for Logical Memory and a 30-item test for Boston Naming; their scores were doubled to maintain continuity between cohorts. Additionally, the protocol for the neuropsychological battery underwent revisions during the course of data collection for WADRC subjects. As a result, some WADRC subjects were not administered Logical Memory, Animal Naming, Digit Symbol, and MMSE at the second neuropsychological visit. The structurally missing data do not affect the validity of the statistical tests performed, as linear mixed effects models are robust to unbalanced designs, missing data, and unequally spaced data points.
Clustering
Our first hypothesis was that we could use biomarker data to identify groups of participants whose biomarker profiles were consistent with profiles associated with healthy ageing, Alzheimer's pathology, and mixed Alzheimer's and vascular pathology. To examine this hypothesis, we first used cluster analysis to identify groups as described in this section and then we compared participant characteristics across the identified clusters as described below. Clustering broadly refers to the process of grouping a set of individuals into clusters based on how similar they are on certain criteria. Cluster analysis should classify individuals so that individuals within a cluster are as similar to each other as possible and clusters are as different from each other as possible.
Variables included in the cluster analysis were CSF amyloidb 42 /amyloid-b 40 , CSF phosphorylated tau, MRI-derived CSFto-brain volume ratio, intracranial volume-corrected hippocampal volume, and white matter hyperintensity total lesion volume. MRI data were also collected longitudinally in WRAP and WADRC, therefore, the three neuroimaging variables were selected from the MRI scan collected closest to the lumbar puncture (mean = 2.62 AE 20.56 days, range = À112 to 117). Because these variables are known to change with age, all variables were corrected for age by saving the unstandardized residual from a linear regression for each clustering variable with only age at lumbar puncture in the model. Hippocampal volume was additionally corrected for intracranial volume. The unstandardized residuals were then transformed into zscores before being entered into the clustering algorithm. To ensure that there was not a high degree of collinearity among the clustering variables, which could lead to specific aspects being overrepresented in the clustering solution, bivariate correlations were conducted on all clustering variables using both Pearson's correlation coefficient and Spearman's rho to test for parametric and non-parametric relationships. A threshold of 0.7 was chosen to signify high collinearity (Dormann et al., 2013) .
Participants were grouped using agglomerative hierarchical clustering in Statistical Package for the Social Sciences (SPSS) 22 with Ward's method of minimum variance and the squared Euclidean distance metric (Ward, 1963; Clatworthy et al., 2005; Murtagh and Legendre, 2014 ). Ward's method joins two clusters to produce the smallest increases in the pooled within-cluster variation. The Euclidean distance is one of the most common and straightforward ways of computing distance between objects and refers to the geometric distance in multidimensional space. Squaring the Euclidean distance is a common approach that places greater emphasis on objects that are further apart (Clatworthy et al., 2005) and is the preferred metric when using Ward's method in SPSS (Murtagh and Legendre, 2014) . The number of resulting clusters was determined by observing where an inconsistent increase occurred in the dissimilarity measure (squared Euclidean distance) on the dendrogram (Supplementary Fig. 1A ) and stopping the clustering process one stage prior (Clatworthy et al., 2005) . This was further quantified using the stopping rule as described by Hair et al. (2013) . With Ward's method the coefficients in the agglomeration schedule refer to the withincluster sum of squares, whereby an increase in the coefficient indicates an increase in heterogeneity. Because the goal of clustering is to identify relatively homogenous groups within a heterogeneous sample, an increase in heterogeneity within a cluster is considered undesirable. We calculated the percentage change in heterogeneity between subsequent clustering steps as (agglomeration coefficient at stage j À agglomeration coefficient at stage j À 1)/agglomeration coefficient at stage j À 1. While comparable and smaller increases in heterogeneity are observed up until the last few stages (58%), a disproportionately larger increase is observed moving from four clusters to three clusters (13.35%). By the stopping rule, the agglomeration should stop at the stage prior to the disproportionate increase, which, here, would favour a four-cluster solution. This is visualized on the scree plot of the agglomeration coefficients ( Supplementary Fig. 1B ). However, both a three-cluster and four-cluster solution would satisfy our criteria for adequate sample sizes and inconsistent increases in dissimilarity, as visualized on the dendrogram as well as by the increase in the agglomeration coefficient; the four-cluster solution was selected because it allowed for a slightly more comprehensive examination of biomarker groups than simply a three-cluster solution, and because moving from the four-to three-cluster solution indicated the first substantial increase in heterogeneity according to the agglomeration schedule.
Statistical analyses ANOVA: cluster characteristics
Characteristics of clusters were compared by ANOVA (for continuous variables) or chi-square (for categorical variables) with SPSS on the means of the five clustering variables, demographics, and clinical characteristics that may be related to dementia due to Alzheimer's disease or vascularmediated cognitive decline. ANOVA on clustering variables was performed with raw values and no covariates (with the exception of hippocampal volume for which intracranial volume was included) as validation that the clustering solution worked and to facilitate post hoc characterization of the relative means of the cluster variables. Demographic variables were assessed next and included age at lumbar puncture, sex, years of education, parental family history, whether a participant carries at least one copy of the APOE e4 allele (APOE4), cognitive follow-up interval for tests initiated at Session 1 for both WRAP and WADRC (years), baseline neuropsychological testing age, and cohort composition (whether the participant was selected from WRAP or WADRC). Clinical characteristics were also assessed including blood pressure (systolic and diastolic), pulse pressure (systolic minus diastolic), total cholesterol, non-high density lipoprotein (HDL) cholesterol (total cholesterol minus HDL), fasting glucose (mg/dl), body mass index (kg/m 2 ), waist-to-hip ratio, and atherosclerotic cardiovascular disease (ASCVD) risk score, a formula developed by the American College of Cardiology and the American Heart Association to estimate risk of an ASCVD event in the next 10 years (Goff et al., 2014) . ASCVD risk score was highly skewed, so it was log-transformed to improve normality. Because clinical characteristics are known to vary by age and sex, these were included as covariates for analyses of clinical data, in addition to the interval (months) between the lumbar puncture and the medical examination/lab draw date. One participant had missing data for ASCVD, non-HDL and HDL cholesterol, fasting glucose, and waist-to-hip ratio. Due to outliers compared to the entire sample (43 SD from the mean) for some clinical variables, ANCOVA results are reported with and without outliers removed. Results from analyses comparing cluster characteristics are evaluated against a threshold of P 5 0.05. In cases where the omnibus test for group differences was significant, post hoc pairwise tests using Fisher's least significant difference were performed for each cluster pair. When the chi-square was significant, post hoc analyses tested whether each cluster was significantly different compared to the other three clusters combined.
Linear mixed effects: cognitive decline
To test our second hypothesis that the biomarker-based Alzheimer's-like and mixed aetiology groups would exhibit greater cognitive decline than the healthy ageing group, we used linear mixed effects models in SPSS for each neuropsychological test of interest. Cognitive decline was measured by slope from the linear mixed effects models with cluster groups as the independent variable and longitudinally measured neuropsychological scores as the dependent variables. For each neuropsychological test, we first ran unconditional growth models adjusting for random effects of intercept and time-associated slope to determine significant random effects. We explored multiple covariance structures (e.g. unstructured and variance components), and selected unstructured because it allows covariances to vary and had a similar model fit measured by Akaike's Information Criteria. Next, conditional models were run with cluster as the grouping variable, which included significant random effects plus fixed effects of sex, years of education, APOE4, interval from the closest MRI to the lumbar puncture (days), interval from the lumbar puncture to the first neuropsychological assessment (months), cohort (binary: WRAP or WADRC), mean-centred baseline age (mean age at entry into the cohort 55.92 years), time (interval in years from the first neuropsychological testing visit), cluster, and the interaction of time Â cluster. The interaction term tested the hypothesis that rates of cognitive decline differed between clusters.
Results are evaluated at a threshold of P 5 0.05. In cases where the omnibus test for group differences was significant, post hoc tests were performed using Cluster 4, which was in the average range on all biomarkers (biomarker-negative; Fig.  1 ), as the comparison group. In cases where one of the three biomarker-positive clusters was significantly different from Cluster 4, additional post hoc comparisons were performed comparing that cluster to the other two clusters. The statistics from linear mixed effects models do not have exact F distributions so degrees of freedom are estimated by a Satterthwaite approximation and are reported rounded to the nearest integer.
Results
Clustering variables
There were no relationships between the variables included in the cluster analysis that exceeded a Pearson's correlation coefficient or Spearman's rho 4 0.3. Four clusters emerged ( Fig. 1 and Supplementary Fig. 2 ). The first cluster (n = 22) demonstrated elevated CSF phosphorylated tau and low CSF amyloid-b 42 /amyloid-b 40 , consistent with an Alzheimer's disease-like profile. The second cluster (n = 32) showed evidence of elevated CSF-to-brain volume ratio and white matter hyperintensities and low CSF amyloid-b 42 /amyloid-b 40 , suggestive of vascular/mixed pre-dementia and/or amyloid angiopathy. The third cluster (n = 45) had elevated CSF-to-brain volume ratio and the smallest hippocampal volume, suggestive of an atrophic pattern. The fourth and largest cluster (n = 76) was in the average range for all five biomarkers, suggestive of healthy ageing.
ANOVA supported the visual characterization of the clusters. Cluster 1 had significantly elevated phosphorylated tau compared to all other clusters (P 5 0.001) and Cluster 2 had significantly lower phosphorylated tau compared to all other clusters (P 5 0.05). Cluster 1 also had the lowest CSF amyloid-b 42 /amyloid-b 40 compared to all other clusters (P 5 0.001), and Cluster 2 had significantly lower amyloidb 42 /amyloid-b 40 compared to Clusters 3 and 4 (P 5 0.001). Both Clusters 2 and 3 had significantly greater CSF-tobrain volume ratio compared to Cluster 4 (P 5 0.001). Cluster 3 had significantly smaller hippocampal volume compared to all other clusters (P 5 0.05), and Cluster 4 had significantly greater hippocampal volume compared to all other clusters (P 5 0.05). Cluster 2 had significantly greater white matter hyperintensity total lesion volume compared to all other clusters (P 5 0.001).
Demographics and clinical characteristics
Demographic and clinical characteristics by cluster are summarized in Table 2 . Cluster 1 was significantly older than Clusters 2 (P = 0.004) and 4 (P = 0.027) and had significantly more APOE4 carriers than all other clusters combined ( 2 = 7.60, P = 0.006). Clusters differed on the composition of WRAP and WADRC participants such that Cluster 1 had significantly more participants from WRAP than WADRC compared to all other clusters combined ( 2 = 6.16, P = 0.013) and Cluster 4 had more participants from WADRC than WRAP ( 2 = 7.48, P = 0.006). Clusters did not differ on sex, years of education, parental family history, neuropsychological follow-up, or baseline neuropsychological testing age.
ANOVA or ANCOVA omnibus tests were not significant for any clinical characteristics examined when the entire sample was included (Table 2) . However, using a threshold of 43 SD from the overall mean, nine participants met criteria for outlier status (n = 5 for fasting glucose; n = 1 for body mass index; n = 1 for waist-to-hip ratio, and n = 2 for HDL cholesterol). When these outliers were removed from the ANCOVA for their respective clinical variable, only one result changed. The outlier for body mass index was from Cluster 3 and when this participant was removed, the omnibus ANCOVA was significant [P = 0.035, F(3,167) = 2.9] (Supplementary Table 1 ). Post hoc tests showed both clusters 2 and 4 had greater body mass index compared to clusters 1 (P-values 5 0.05) and 3 (P-values 5 0.05) but Clusters 2 and 4 and Clusters 1 and 3 did not significantly differ from one another.
Cognitive decline
Results from the linear mixed effects models of cognitive change over time by cluster are displayed in Fig. 2 . One participant in Cluster 2 is missing data for indicated clinical variables. WMH = white matter hyperintensity. ASCVD risk = estimate risk (%) of an atherosclerotic cardiovascular disease event in the next 10 years; ANCOVA for ASCVD risk was conducted on log transformed data because raw percentages were not normally distributed; means reported for each cluster are raw risk values. Please refer to 'ANOVA: cluster characteristics' section for details of these models.
Cluster 2 The covariate for interval from the closest MRI to the lumbar puncture was highly and significantly (P 5 0.001) correlated with time, particularly for tests starting at Session 1 (Pearson correlation coefficient = 0.569) and Session 2 (Pearson correlation coefficient = 0.357) but also Session 3 (Pearson correlation coefficient = 0.258). Because collinearity can inflate the error terms, we reran the models with this covariate removed to ensure our models were stable. We found that cluster-related results did not differ when this covariate was removed.
It's possible that the rate of change could be influenced by baseline age rather than cluster (i.e. baseline age Â time might be significant rather than cluster Â time). Therefore, we re-examined the cluster Â time interaction for each outcome after adding a baseline age Â time term to the models. The baseline age Â time term was not significant in any of the models and changes to the significance of cluster Â time terms were minor: the omnibus tests became marginally non-significant for Rey Auditory Verbal Learning Test total trials 1-5 slope (P = 0.057) and Boston Naming intercept (P = 0.056) but the post hoc tests remained significant (P 5 0.05). These additional analyses lead us to conclude that significant cluster Â time interactions indicate that two or more clusters differed in rate of decline and that baseline age was not driving the observed effects of cluster on cognitive decline. 
Discussion
This study provides empirical support for the use of cluster analysis to detect heterogeneity in biomarker profiles and potentially identify a subgroup with preclinical Alzheimer's disease in late midlife. We identified four biomarker groups and then investigated clinical interpretations of the groups by examining differential cognitive decline. In line with our hypotheses, we identified a group that appears to represent healthy ageing as well as a group whose biomarker and cognitive profiles are consistent with preclinical Alzheimer's disease. Specifically, the preclinical Alzheimer's disease cluster presented with elevated CSF phosphorylated tau 181 , low CSF amyloid-b 42 /amyloid-b 40 , and greater decline on tests of episodic memory. Consistent with an Alzheimer's-like profile, this cluster was also older and had greater incidence of APOE4. Clusters did not differ on other demographic or clinical variables examined. The interpretation of the other two clusters is less clear. The second cluster had a biomarker profile suggestive of preclinical mixed Alzheimer's/vascular pathology and the third cluster showed evidence of hippocampal vulnerability without Alzheimer's pathology; however, their cognitive deficits at this time appear non-specific, with cognitive decline only detected on a test of global cognitive function, the MMSE. Preclinical Alzheimer's disease is often simply characterized as 'amyloid-b + ' or 'amyloid-bÀ' or by long-term clinical trajectories-both techniques have their limitations. Artificial cut-offs and dichotomization ignore potentially important variability in a continuous variable. Additionally, while amyloid-b is an important biomarker, it does not capture the multifaceted nature of Alzheimer's disease, which is co-characterized by amyloid-b and neurofibrillary tangle pathology as well as other processes (Querfurth and LaFerla, 2010; Sperling et al., 2011; Storandt et al., 2012; Dubois et al., 2016) . Long-term trajectories into late life with clinical endpoints are helpful to researchers trying to understand preclinical Alzheimer's disease, but are not pertinent to the ultimate goal of detecting preclinical Alzheimer's disease so that interventions can be initiated during that stage. In contrast, cluster analysis provides an unbiased way to initially characterize multimodal data that captures multiple pathological characteristics simultaneously and can be used throughout the course of the Alzheimer's disease continuum. Here we provided evidence for the use of cluster analysis to identify individuals who appear to be in a preclinical stage of Alzheimer's disease in late midlife, even preceding mild cognitive impairment.
Using biomarkers to cluster groups along the Alzheimer's disease trajectory has been done previously in cohorts of normal elderly (Nettiksimmons et al., 2010 (Nettiksimmons et al., , 2013 Pike et al., 2011; Skillback et al., 2013) , patients with mild cognitive impairment (Escudero et al., 2011; Nettiksimmons et al., 2014) , and patients with dementia (Iqbal et al., 2005 ; van der Vlies et al., 2009; Wallin et al., 2010; Vemuri et al., 2011; Noh et al., 2014) . For instance, two studies in patients with mild cognitive impairment showed that clusters with biomarker profiles consistent with Alzheimer's disease were more likely to progress to dementia due to Alzheimer's disease, illustrating the potential utility for identifying patterns of variables that predict disease progression (Escudero et al., 2011; Nettiksimmons et al., 2014) . While clustering has demonstrated utility in elderly and cognitively impaired cohorts, it had yet to be validated during the preclinical Alzheimer's disease stage in late midlife. The current study fills this gap by using cluster-based analysis with neuroimaging and CSF biomarkers in a latemiddle-aged risk-enriched cohort. Because this cohort is still relatively young, cognitive decline rather than clinical endpoints were used to evaluate progression.
Cluster 1 was most consistent with an Alzheimer's disease-like biomarker profile (decreased CSF amyloid-b 42 / amyloid-b 40 , increased CSF phosphorylated tau). Significant atrophy measured by gross CSF-to-brain volume ratio and hippocampal volume was notably absent, suggesting that this cluster is representative of an early stage of the Alzheimer's disease continuum preceding frank neuronal death and atrophy. This cluster showed the greatest decline in episodic memory performance over time. Our results are largely consistent with a meta-analysis on 47 studies involving 9097 controls and 1207 preclinical Alzheimer's disease cases that found that preclinical Alzheimer's disease (including mild cognitive impairment) is characterized by marked deficits in global cognitive ability, episodic memory, perceptual speed, and executive functioning; smaller deficits in verbal ability, visuospatial skill, and attention; and no preclinical impairment in primary memory (Backman et al., 2005) . Dysfunction in episodic memory is consistently found in various stages of Alzheimer's disease (Albert et al., 2001; Backman et al., 2001; Grober et al., 2008) and is postulated to reflect pathological changes in the medial-temporal lobe, which occur early in the disease (Collie and Maruff, 2000) . Longitudinal follow-up of cognitive trajectories will be needed to determine at which point individuals with preclinical Alzheimer's disease progress from cognitive decline to cognitive impairment. Curiously, Cluster 1 also initially performed better (indicated by a larger intercept) on Rey Auditory Verbal Learning Test total trials 1-5 and Logical Memory immediate. One potential theory behind this finding is that APOE4 is an example of antagonistic pleiotropy whereby APOE4 could have beneficial effects earlier in life despite being associated with cognitive decline and dementia risk later in life (Wright et al., 2003; Alexander et al., 2007; Mondadori et al., 2007) . More than two-thirds of Cluster 1 was APOE4 + compared to one-third in the healthy cluster, suggesting that Cluster 1 may demonstrate simultaneous benefits of APOE4 on tests of verbal episodic memory in terms of intercept, but also negative effects in terms of decline over time. However, the main effect of APOE4 was not significant in any of our models, and the antagonistic pleiotropy theory of APOE4 is not definitive. It will be interesting to see if this intercept effect is replicated as more studies probe the earliest stages of preclinical Alzheimer's disease.
According to a theoretical model by Sperling et al. (2011) , there are three stages of preclinical Alzheimer's disease: (i) asymptomatic amyloidosis; (ii) co-occurring amyloidosis and neurodegeneration; and (iii) co-occurring amyloidosis, neurodegeneration, and subtle cognitive decline. Jack et al. (2012) subsequently extended the NIA-AA criteria for preclinical Alzheimer's disease with two additional categories of cognitively normal individuals: (i) Stage 0 indicated by normal Alzheimer's biomarkers and no evidence of subtle cognitive impairment; and (ii) suspected non-Alzheimer's disease pathophysiology (SNAP). While our clustering approach seemed to identify both of the cognitively 'normal' groups (Clusters 3 and 4) and a preclinical Alzheimer's disease group (Cluster 1), it was unable to parse the three subdivisions of preclinical Alzheimer's disease because cognition was not represented among the initial clustering variables. Based on these models, it would be expected that individuals in the preclinical Alzheimer's disease-like cluster would represent individuals spanning the three stages of preclinical disease. Therefore, to further qualitatively assess heterogeneity within this cluster, we made spaghetti plots for individuals in Cluster 1 for two cognitive tests (Rey Auditory Verbal Learning Test total trials 1-5 and Logical Memory delayed) and the neurodegeneration/atrophy clustering variables (CSF-to-brain volume ratio and hippocampal volume) ( Supplementary Fig. 3 ). Of the 22 participants in Cluster 1, n = 15 had at least two time points of MRI data; n = 5 had three time points, and n = 5 had four time points. A general pattern of intraindividual decline over time is observable on the two cognitive tests, but the group is heterogeneous: some participants steadily improve over time and others show an alternating pattern of improvement and worsening over time. CSF-to-brain volume ratio is highly consistent in showing smaller brain volume associated with older age as well as progressive brain atrophy over time. The pattern for hippocampal volume is less clear, likely due to measurement error of this complex structure and disease stage heterogeneity; but in general, individual hippocampal volume appears relatively stable for most participants over this relatively short interval. These plots provide some evidence for the hypothesized three stages of preclinical Alzheimer's disease within this small single cluster, but further studies with much larger sample sizes will be needed to quantitatively parse out this preclinical staging further. Furthermore, we were not able to address heterogeneity potentially related to hippocampal sparing verses limbic predominant subtypes of Alzheimer's disease, which could result in both biomarker and cognitive profile variability (Murray et al., 2011) . An ongoing project is to use molecular imaging of both amyloid and tau to gain spatial resolution of pathology because it is likely that distribution in addition to overall burden would contribute to cognitive and clinical phenotypes. Cluster 2's biomarker profile (elevated white matter hyperintensity total lesion volume and CSF-to-brain volume ratio, decreased CSF amyloid-b 42 /amyloid-b 40 ) is consistent with preclinical mixed dementia due to cerebrovascular disease and Alzheimer's disease with cerebral atrophy. That Cluster 2 had the highest body mass index potentially further supports a vascular contribution. White matter hyperintensities are visible on T 2 -weighted FLAIR MRI and are thought to represent ischaemic injury, increase with age, and are elevated in Alzheimer's disease (Young et al., 2008; Wen et al., 2009; Alosco et al., 2013; Provenzano et al., 2013; Casado Naranjo et al., 2015) . An autopsy study found almost half of the brains of clinically diagnosed Alzheimer's disease patients harboured mixed pathology, the most common of which were infarcts, and that infarcts increased the likelihood of cognitive impairment and dementia (Schneider and Bennett, 2010) . White matter ischaemia is postulated to be due to hypoperfusion of the white matter and may be accompanied by vascular stenosis and signs of cardiovascular disease (Brun and Englund, 1986) . White matter lesions are also seen in non-demented controls (Scheltens et al., 1995) , suggesting that these lesions might be more related to cardiovascular conditions than specific Alzheimer's disease pathology. However, white matter hyperintensities are also seen in patients with autosomal dominant Alzheimer's disease who develop the disease at a younger age, making them less likely to have significant vascular risk factors or atherosclerotic small vessel disease (Ryan et al., 2015) . White matter hyperintensities in autosomal dominant populations are thought to be due to cerebral amyloid angiopathy (amyloid-b deposits in the walls of the blood vessels of the CNS) rather than a primarily cardiovascular cause. Therefore, co-occurring low CSF amyloid-b 42 /amyloid-b 40 and greater white matter hyperintensities in Cluster 2 could also be indicative of another subset of preclinical Alzheimer's disease with advanced amyloid angiopathy. It is unknown whether vascular brain lesions are co-occurring pathologies which contribute to cognitive impairment independent of amyloid and tau pathology, whether vascular lesions incur greater vulnerability which make the brain more susceptible to Alzheimer's disease pathology, or whether vascular and Alzheimer's disease pathology directly interact to accelerate the Alzheimer's disease cascade. Longitudinal evaluation of individuals in this cluster may provide greater understanding of early co-occurring vascular and amyloid pathology.
Previous studies have demonstrated a relationship between vascular pathology and executive dysfunction, particularly for attention/speed tasks (Moser et al., 2001) , even in non-demented patients compared to older healthy controls (Kramer et al., 2002) and preclinical populations (Birdsill et al., 2014) . Consistent with this theory, we found that Cluster 2 performed worse on Trail Making Test B, indicated by a larger intercept (higher scores indicate worse performance on this test), but did not show evidence of increased decline over time. Differences in either intercept or slope were not observed on Digit Symbol, the other executive functioning task. A study of ADNI normal controls found that a cluster characterized by substantial brain atrophy and white matter hyperintensities (mean age 76.7 years) did not show decline on six tests of executive function, but did have significantly higher body mass index, Hachinksi score, creatinine levels, triglycerides, and blood glucose (Nettiksimmons et al., 2013) . Similarly, when a single outlier was removed, Cluster 2 showed higher body mass index compared to Clusters 1 and 3. Differences between the ADNI findings and the current results could be due to cohort age differences (Cluster 2 is on average almost 20 years younger than ADNI's suspected vascular cluster) and unlike the ADNI suspected vascular cluster, Cluster 2 additionally demonstrated decreased CSF amyloid-b 42 /amyloid-b 40 . In addition to modest differences in initial performance on one test of executive function, we also detected global decline over time on the MMSE. While MMSE is relatively non-specific, decline on this test has been observed in mixed dementia, as well as possible and probable Alzheimer's disease (Corey-Bloom et al., 1993) . Our results suggest that even if MMSE scores at any single evaluation remain in the normal range, individuals in the preclinical timeframe may still demonstrate meaningful decline suggestive of underlying disease well in advance of a potential dementia diagnosis.
Cluster 3 presented with increased CSF-to-brain volume ratio, the smallest intracranial volume-corrected hippocampal volume, and decline on MMSE performance. The significantly smaller hippocampal volume in this cluster could be indicative of several pathophysiologies (Jack et al., 2012) including hippocampal sclerosis or some other unknown vulnerability. To examine this further, we performed a supplementary linear mixed effects analysis using longitudinal hippocampal volumes as the dependent variable and fixed effects of sex, years of education, APOE4, cohort, intracranial volume at each MRI, cluster, mean-centred age at baseline MRI (59.36 years), time (interval from first MRI visit), and time Â cluster. Longitudinal MRI data were only available for a subset of participants (n = 96 had at least two time points of MRI data; n = 45 had three time points, n = 10 had four time points, and n = 2 had five time points), so these results should be interpreted with some caution. We found a pronounced intercept effect whereby Clusters 1, 2, and 3 all had smaller hippocampal volumes compared to Cluster 4 (P-values 5 0.01, Supplementary Fig. 4 ). The intercepts of Cluster 1 and Cluster 2 did not differ but Cluster 3 had significantly smaller hippocampal volume compared to Clusters 1 and 2 (P-values 5 0.01). There was no effect of slope by cluster. These findings suggest the observed biomarker profile for Cluster 3 is more likely due to hippocampal vulnerability rather than a detectable hippocampal volume loss exceeding the rate of normal ageing due to some other process. It is also likely that this group is more heterogeneous and could represent a normally ageing population that is less healthy than Cluster 4. That this cluster showed steeper decline on the MMSE compared to Cluster 4 further supports a dissociation of this group from healthy ageing. However, we refrain from making stronger conclusions as only longitudinal clinical outcomes can confirm these speculations.
There are several limitations of this study. First, CSF analyte levels are only an indirect measure of pathology, however, lumbar puncture is a common clinical and research technique and the CSF measures of interest (amyloid-b 42 /amyloid-b 40 and phosphorylated tau) have been validated by neuroimaging and histological studies. Furthermore, it's been suggested that CSF amyloid-b 42 and Pittsburgh compound B-PET imaging provide partially independent information about a wide range of Alzheimer's measures, and that reduced CSF amyloid-b may be more strongly related to early stage Alzheimer's disease than Pittsburgh compound B-PET (Mattsson et al., 2015) . Tau PET imaging is currently underway in this cohort and will be informative in validating CSF phosphorylated tau findings. Second, there are several putative CSF markers of neurodegeneration. While we could have used other CSF markers of neurodegeneration like total-tau, we chose not to because it was highly correlated in our sample with CSF phosphorylated tau (Pearson correlation coefficient = 0.828). Third, agglomerative hierarchical clustering is only one way to classify individuals on biomarkers. It will be important to investigate and compare other techniques, like machine learning, to the methods used in this study. Fourth, while biomarkers and cognitive data provide evidence of an Alzheimer's disease-like trajectory, clinical endpoints are necessary to confirm the diagnostic accuracy of these clusters. Fifth, because our sample was relatively young and healthy, it is possible that some biomarkersparticularly for hippocampal volume and brain atrophy, which are hypothesized to be the last biomarkers to undergo changes during preclinical Alzheimer's diseasewere only minimally affected, making it difficult to make stronger interpretations of those variables. It is expected that the biomarker profiles we observed will change with advancing disease. Sixth, not all tests were administered for the same length of time. While we were able to detect differences in some of the neuropsychological tests with less structurally missing data, it is possible that we lacked sufficient power to detect differences on other tests. It may also be that tests with more temporal data provided better estimates. Seventh, it's possible that within-domain cognitive composites may provide more reliable estimates of cognitive functioning. In this multi-cohort sample, there were only two tests per cognitive domain of interest (ex. Rey Auditory Verbal Learning Test delay and Logical Memory delay would comprise an episodic memory composite); therefore, we chose to examine the neuropsychological tests individually. Future studies may find utility in collecting data to facilitate within-domain cognitive composites to assess changes in cognitive functioning in heterogeneous cohorts. Last, our study sample was largely white and well educated, and so is not generalizable to all populations; future projects should validate these results in more diverse cohorts. We report the findings of this study with these limitations in mind.
Alzheimer's disease is a growing epidemic for which there is currently no treatment. With clinical trials beginning in the preclinical time period (ex. A4 study), there is imperative need for techniques to identify individuals with preclinical Alzheimer's disease for recruitment into clinical trials and eventual treatment (Sperling et al., 2013) . Our results suggest that techniques that combine multimodal information about early pathological changes could inform detection of preclinical Alzheimer's disease and that longitudinal slopes of decline could provide further information about disease trajectory during this critical timeframe.
